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Randomness in the Hybrid Modeling and Simulation of
Insulin Secretion Pathways in Pancreatic Islets
Yang Pu, David C. Samuels, Layne T. Watson, and Yang Cao
Abstract: Insulin secreted by pancreatic islet ˇ-cells is the principal regulating hormone of glucose metabolism.
Disruption of insulin secretion may cause glucose to accumulate in the blood, and result in diabetes mellitus.
Although deterministic models of the insulin secretion pathway have been developed, the stochastic aspect of this
biological pathway has not been explored. The first step in this direction presented here is a hybrid model of
the insulin secretion pathway, in which the delayed rectifying KC channels are treated as stochastic events. This
hybrid model can not only reproduce the oscillation dynamics as the deterministic model does, but can also capture
stochastic dynamics that the deterministic model does not. To measure the insulin oscillation system behavior, a
probability-based measure is proposed and applied to test the effectiveness of a new remedy.
Key words: insulin secretion; mathematical modeling; hybrid model and simulation; stochastic dynamics

1

Introduction

Many biochemical systems involve widely different
scales for populations of species and reaction rates,
leading to so-called multiscale complexity, which
presents challenges in the analysis and simulation of
these systems. Generally, the dynamics of biochemical
systems with large copy numbers of molecules and
fast reactions can be considered continuous, while
the dynamics of systems with small copy numbers
of molecules and slow reactions often exhibit strong
random effects. A complex system may contain both
large and small scales of populations, and both
fast and slow reactions. Often populations of the
molecules involved in slow reactions are small. This
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multiscale feature is important when developing
efficient simulation methods.
Deterministic models such as Ordinary Differential
Equations (ODEs) have been used for biochemical
systems that have large species’ populations and
fast reactions[1–3] . In the last decade, stochastic
chemical kinetics has received considerable attention
from the modeling community. Gillespie’s Stochastic
Simulation Algorithm (SSA)[4] has been widely used
in the simulation of stochastic systems. The SSA
is an exact simulation scheme as it follows the
probability distribution dictated by the Chemical Master
Equation (CME)[5] . The algorithm assumes that the
system is well-stirred and all chemical reactions are
elementary. Since the state variables in the SSA are
numbers of molecules, the SSA is also a populationbased method. SSA was successfully applied in
McAdams and Arkin’s work[6, 7] , and since then
has been widely used to simulate the kinetics of
different biochemical systems[8, 9] . However, the SSA
has demonstrated low efficiency for many practical
systems. A fundamental problem with its low efficiency
lies in the fact that the computational cost of SSA is
proportional to the number of reaction events[10] . In
order to improve the SSA, Haseltine and Rawlings[11]
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proposed an approximation method for multiscale
systems, which partitions the system into subsets of
“fast” and “slow” reactions, simulating the “fast”
reactions deterministically and the “slow” reactions
stochastically at the same time.
The insulin secretion pathway is an example of a
multiscale biochemical system. Insulin plays a key role
in the consumption of glucose. In healthy individuals,
insulin is secreted into the bloodstream after a meal
as a signal to consume the glucose produced from the
digested food. This signaling process helps maintain
low blood glucose levels. The disruption of this
process may lead to Type II diabetes[12, 13] . Thus
it is important to understand the mechanism of
the insulin secretion. A continuous, deterministic
mathematical model of the insulin secretion pathway
in ˇ-cells, introduced by Bertram et al.[14–16] , is
formulated as ordinary differential equations. Recent
work[17] expanded Bertram’s deterministic model of
a single cell to multiple cells and had a thorough
study of deterministic behavior of a single cell
and multiple cells. This paper applies Haseltine and
Rawlings’s hybrid simulation method to partition the
system and study the stochastic behavior of the
insulin secretion pathway in ˇ-cells. The simulation
results demonstrate that the hybrid method can be
applied to study randomness in the insulin secretion
pathway. Furthermore, considering randomness in the
system, success/failure probabilities are proposed as a
way to measure the function of ˇ-cells, and to study
the effectiveness of a new medical treatment for Type II
diabetes.
This paper is organized as follows: Section 2
provides a description of the insulin secretion
pathway and briefly reviews Gillespie’s SSA
and Haseltine and Rawlings’s hybrid simulation
method. Section 3 introduces the hybrid model of
insulin secretion. Section 4 studies the randomness
of hybrid simulations, and Section 5 summarizes the
conclusions.

2
2.1

Background
Insulin secretion pathway

Figure 1 shows an insulin secretion model. Glycolysis
metabolizes glucose producing pyruvate, malate,
and reduced nicotinamide adenine dinucleotide
(NADH)[18] ,
which
are
transported
into
mitochondria. The tricarboxylic acid cycle (TCA
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Fig. 1

Metabolic pathway in the ˇ -cell.

cycle) consumes pyruvate and malate producing
fumarate. Via oxidative phosphorylation, fumarate and
NADH produce the most important energy source in
the cell, adenosine triphosphate (ATP), and release it
to the cytoplasm. ATP-sensitive KC channels (K(ATP)
channels) in the plasma membrane are blocked by
high ATP levels in the cytoplasm, depolarizing the cell
membrane when the number of open K(ATP) channels
drops to a certain level. This leads to the opening of
voltage-dependent Ca2C channels and the transport of
cytoplasmic Ca2C from the extra-cellular fluid through
the voltage-gated Ca2C channels[19] into the ˇ-cell. At
sufficiently high levels of both cytoplasmic ATP and
Ca2C , the vesicles containing insulin fuse with the cell
plasma membrane and release insulin from the cell. The
levels of Ca2C in the mitochondria and the endoplasmic
reticulum (ER) increase with the level of Ca2C in the
cytoplasm[20] . Elevated mitochondrial Ca2C levels
eventually shut off ATP production[21] and collapse
the mitochondrial membrane, ostensibly by opening a
low-conductance state of the Permeability Transition
Pore (PTP) within the mitochondrial membrane. This
collapse provides negative feedback to the ATPsensitive KC channels. In addition to the ATP-sensitive
KC channels, there are Ca2C -activated KC channels,
directly activated by Ca2C , and also delayed rectifying
KC channels, which are mainly controlled by the cell
membrane potential. The electrical components, Ca2C
current, Ca2C -activated KC current, ATP-sensitive KC
current, and delayed rectifying KC current, contribute
to the cell membrane potential. Conversely, these
electrical components have the membrane potential as
a key controlling factor[15] .
2.2

SSA

Consider a biochemical system with N molecular
species fS1 ,    , SN g, M reaction channels fR1 , R2 ,
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   , RM g, and state vector X.t / D .X1 .t /,    , XN .t //,
where Xi .t/ is the number of molecules of species Si
at time t [22] . Given X.t / D x, the reaction dynamics
of channel Rj are described by a propensity function
aj .x/ and a change of state vector νj D .1j ,    ,
Nj /. The reaction Rj induces a change ij in the
molecule population Si , and this reaction occurs with
probability aj .x/dt in the ensuing time interval Œt; t C
dt/. Define P .; j /dt as the probability that, given the
state .X1 , X2 ,    , XN / at time t, the next reaction
will occur in the infinitesimal time interval .t C ,
t C  C dt/ and will be an Rj reaction. The Gillespie
algorithm calculates explicitly which reaction occurs
next and when it occurs by specifying the probability
density P .; j / that the next reaction is j and it occurs
at time . Gillespie[4] showed that
P .; j /dt D aj .x/ exp. a0 .x/ /dt
(1)
PM
where a0 .x/ D
j D1 aj .x/. One can obtain two
probability distributions for  and j . First, the
probability distribution for the reaction time is
P ./ D a0 .x/ exp. a0 .x/ /
(2)
and the probability distribution for reaction index j is
given by
aj .x/
P .j j / D
(3)
a0 .x/
Gillespie’s SSA simulates every reaction firing event
in the system, with each firing event constituting one
step. For a step, SSA generates two uniformly random
numbers on .0; 1/: r1 and r2 . The time of the next
reaction event is t C , where  
1
1
(4)
D
log
a0 .x/
r1
The channel index j for the next reaction is the
smallest integer satisfying
j
X
ak .x/ > r2 a0 .x/
(5)
kD1

After  and j are calculated, the system state vector
X.t/ is updated via X.t C  / D x C νj , and the time t
is updated to time t C  . The simulation continues until
t reaches a given final time.
2.3

and the reactions in the “slow” subset are treated
as stochastic events simulated by the SSA. The
propensities of the “slow” reactions vary with the
dynamics of the fast reactions, and thus vary with
time. Let ak .x; t / be the propensity of “slow” reaction k
at time t, and let a0 .x; t / be the sum of the propensities
of all “slow” reactions. Similarly to Eqs. (2) and (3) in
Gillespie’s SSA, the probability of a reaction firing at
time  is
 Z

t C

P . / D a0 .x; t C  / exp

a0 .x; s/ds

(6)

t

and the probability that reaction j fires is
aj .x; t C  /
P .j j / D
(7)
a0 .x; t C  /
Based on the probability density function (Eqs. (6)
and (7)), in each step the hybrid method calculates 
and j such that
Z t C
a0 .x; s/ds C log.r1 / D 0
(8)
t
jX
1

ak .x; t C  / < r2 a0 .x; t C  / <

kD1

j
X

ak .x; t C /

kD1

(9)
where r1 and r2 are two random numbers uniformly
distributed in .0; 1/.

3
3.1

Modeling of Insulin Secretion Pathway
Deterministic model

The proposed hybrid model of insulin secretion is
based on the deterministic model developed by Bertram
et al.[14, 15] , which has three main components: a
glycolytic component, a mitochondrial metabolism
component, and an electrical and cytosolic/endoplasmic
reticulum (ER) Ca2C component. Figure 2 shows
the variables defined in each component and their
interaction pathways.
Following the details of the work in Refs. [17,
23, 24], the glycolytic component of the model here

Hybrid simulation method

Haseltine and Rawlings[11] proposed an approximation
method for the simulation of well-mixed chemical
kinetics, whereby the system is partitioned into a
subset of “fast” reactions and a disjoint subset of
“slow” reactions. The reactions in the “fast” subset are
simulated by Ordinary Differential Equations (ODEs),
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Fig. 2

Model components and interconnections.
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is a simplified model of the glycolysis pathway[2]
that converts glucose into pyruvate. This pathway
generates oscillations in glycolysis via the rate limiting
variable, and important control, concentration [PFK]
of the enzyme phosphofructokinase (PFK). PFK is
allosterically inhibited by ATP[25] , so high ATP levels
will slow glycolysis. PFK phosphorylates fructose-6phosphate (F6P) to fructose-1,6-bisphosphate (FBP),
a substrate for glyceradehyde 3-P dehydrogenase
(GPDH). The GPDH reaction is in rapid equilibrium,
and therefore the concentration [GPDH] is used as
the input to the mitochondrial component, replacing
pyruvate dehydrogenase (PDH) in the more complex
model. The glycolysis model here is comprised
of equations for the concentrations [G6P] and
[FBP]. [G6P] is the glucose 6-phosphate concentration,
which in the model here is assumed to be in rapid
equilibrium with [F6P], and the J s are fluxes.
d[G6P]
D JGK JPFK
(10a)
dt
d[FBP]
1
D JPFK
JGPDH
(10b)
dt
2
The model for the mitochondrial component, based
on the detailed Magnus-Keizer model of mitochondrial
metabolism[26, 27] , includes the TCA cycle and oxidative
phosphorylation. The TCA cycle is comprised of a
series of enzyme-catalyzed chemical reactions, whose
principal role is to convert pyruvate to NADH
and reduced flavin adenine dinucleotide (FADH),
and then send them into oxidative phosphorylation,
which uses energy released by nutrient oxidation to
produce ATP[28] . The citric acid cycle Ca2C -dependent
dehydrogenases, which produce NADH, are included
in the model. The electron transport chain acquires
electrons from the produced NADH, leading to a
membrane potential  through the mitochondrial
inner membrane. ADP is converted to ATP by the
flux of protons through the electrical gradient in
the F1F0-ATP synthase. Finally, Ca2C entering the
mitochondria through Ca2C uniporters is transported
out by means of NaC /Ca2C exchangers[29] . The
mitochondrial compartment includes variables for
NADH, ADP, mitochondrial Ca2C concentrations,
and  . The calculation of the ATP concentration
[ATP] from the ADP concentration [ADP] assumes
conservation of the sum of the two concentrations. The
mitochondrial variables are governed by the differential
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equations,
d[NADHm
D .JDH JO /
dt
d
D .JH, Res JH, atp JANT
dt
JH, leak JNaCa 2Juni /=Cm

(11a)

(11b)

d[Cam
D fm .Juni JNaCa /
(11c)
dt
dŒADPm
D .JANT JF1F0 /
(11d)
dt
The electrical/calcium component involves five
variables, which define the plasma membrane potential
V , the cytosolic ADP concentration, the fraction
of the opened delayed rectifying KC channels, the
cytosolic Ca2C concentration, and the ER Ca2C
concentration. The differential equations are
dV
D .IK C ICa C IK(Ca) C IK(ATP) /=C
(12a)
dt
dŒCac
D fc .Jmem C JER C Jm /
(12b)
dt
dŒCaER
D fER .Vc =VER /JER
(12c)
dt
dŒADPc
D Jhyd JANT
(12d)
dt
dn
n1 .V / n
D
(12e)
dt

where IK , ICa , IK(Ca) , and IK(ATP) are the ionic currents
on the membrane, C is the membrane capacitance,
fc is the fraction of free Ca2C in the cytosol, Jmem
is the flux of Ca2C across the plasma membrane, Jm
is the flux of Ca2C out of the mitochondria (scaled
by the mitochondria/cytosol volume ratio ), JER is
the flux from the ER, fER is the fraction of free
Ca2C inside the ER, Vc and VER are the volumes
of the cytosolic and ER compartments, respectively,
n is the fraction of the open delayed rectifying KC
channels,  is the relaxation time for the open/close
reactions of the delayed rectifying KC channels to
reach equilibrium, and the steady state function for n
is n1 .V / D .1 C exp. .V C 16/=5// 1 . More details
on these terms in the differential equations are in
Bertram et al.[14]
3.2

Hybrid model

Chemically reacting events in living cells often result
in system behavior that is discrete and stochastic
rather than continuous and deterministic, such as
opening and closing of electronic channels in the cell
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membrane. The fast oscillations of this system are
driven by fast oscillations in both the cell membrane
voltage and the fraction of open delayed rectifying KC
channels. This fundamental role as the central oscillator
distinguishes the delayed rectifying KC channel from
other ion channels in this model, and hence the focus
of attention is on this particular channel. Delayed
rectifying KC channels, also referred to as voltagegated KC channels, are sensitive to voltage changes
in the cell’s membrane potential, and play a crucial
role during active potentials in returning the depolarized
cell to a resting state. Hence the opening and closing
of these channels are key to controlling the membrane
potential.
Since these channels are actually discrete and
stochastic in nature, it is realistic to model these
rectifying KC channels as discrete stochastic processes,
though they are traditionally modeled as ODEs. This
practice is valid when the total number of KC channels
in a cell is large enough; if not, then randomness in
delayed rectifying KC channels may have significant
impact on the system behavior. Wet-lab experiments[30]
estimate that there are around 1000 KC channels in a
single cell. Because of the unique role of the delayed
rectifying KC channels as part of the fast oscillator
that drives the insulin production, the hybrid model
proposed here treats the voltage-gated KC channels as
discrete reaction events and simulates their opening
and closing by Gillespie’s SSA[4] . Other reactions are
modeled by ordinary differential equations. The hybrid
model is thus used to explore the random effect of the
KC channels.
First, the voltage-dependent gating must be
modelled. Following Ref. [24], electronic channels can
be modeled as gates, having two (open and closed)
states, that regulate the permeability of the pore to
ions[31] . The mechanism of the voltage-dependent
activation and inactivation gates can be described by
the reactions
kC

c )* o

(13)
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and fc .t / D 1 fo .t / the fraction of closed channels. In
an infinitesimal time interval dt, the fraction of open
channels can be changed in two ways — when a closed
channel becomes open, and when an open channel
becomes closed. If k C is the rate constant of the
transition from state c to state o, the rate is J C D
k C .1 fo /. Similarly, the rate of the reverse reaction
o ! c is J D k fo with the rate constant k . The
difference between the two rates represents the change
in fo over time:
dfo
D JC J D
dt
k fo C k C .1 fo / D


kC
C
(14)
.k C k / fo
.k C C k /
Defining  D 1=.k C C k / and f1 D k C =.k C C k /
yields
dfo
.fo f1 /
D
(15)
dt

In this voltage-dependent gating model, fo is
regarded as a continuous (real) variable. If the total
number of channels is small, No and Nc in reactions
(13) can be directly simulated using SSA. In the hybrid
model, let No be the (discrete) number of open channels
and Ntot the (integer) total number of channels, with
Ntot
No closed channels. The propensities of the
discrete reactions require the rate constants k C and k .
Comparing Eqs. (12e) and (15) shows that n D fo ,
n1 D f1 , and
1 n1
n1
; k D
(16)
kC D


where n1 is a function of the deterministic variable V
and  is a parameter. The propensities of the opening
and closing of the delayed rectifying KC channels are
k C .Ntot
No / and k No , respectively. The hybrid
simulation method directly updates the value of No . The
fraction of opened delayed rectifying KC channels in
the deterministic reactions is obtained by n D No =Ntot .

4

Simulation and Analysis

k

where “c” represents the closed state and “o” the open
state of the channel. Assuming multiple channels, let
No .t/ and Nc .t/ be the number of open and closed
channels, respectively, at time t. The above small
system (13) has only two reversible reactions, thus
the total number of open and closed channels should
be preserved: No C Nc is a constant. Let fo .t / D
No =.No C Nc / represent the fraction of open channels

4.1

Single cell

The hybrid simulation is implemented using
LSODAR[32] , which provides an event handling
capability along with the numerical solution of a
system of ODEs. In each step, LSODAR integrates
the ODEs modelling the fast reactions until Eq. (8)
is satisfied at time t C , at which time the hybrid
simulation method chooses one reaction based on
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Formula (9), and then updates the value of No and
the time t to t C  . This process is repeated until a
termination condition is satisfied.
Figures 3 and 4 show the simulation results from the
deterministic model. Figures 5 – 8 show the simulation
results from the hybrid model on a single cell
with 1000 and 100 delayed rectifying KC channels,
respectively. Comparing insulin secretion plots (Figs. 6
and 8) from the hybrid model to that from the
deterministic model (Fig. 4) shows that the total number
of delayed rectifying KC channels does affect the

Fig. 3 Simulation results from the deterministic model —
Membrane potential.

Fig. 4 Simulation results from the deterministic model —
Insulin secretion.

Fig. 5 Simulation results from the hybrid model for
Ntot = 1000 — Membrane potential.

Tsinghua Science and Technology, October 2015, 20(5): 441-452

Fig. 6 Simulation results from the hybrid model for
Ntot = 1000 — Insulin secretion.

Fig. 7 Simulation results from the hybrid model for
Ntot = 100 — Membrane potential.

Fig. 8 Simulation results from the hybrid model for
Ntot = 100 — Insulin secretion.

behavior of the hybrid model. As described in detail
in Ref. [24], in the deterministic simulation result, the
range of the small oscillations of the insulin secretion
is from 0:65 to 0:80, almost the same as for the hybrid
simulation result with Ntot D 1000. When Ntot D 100,
the range narrows to 0:70 to 0:75, and the oscillations
of the membrane potential become erratic (some of the
high frequency oscillations are wiped out) as shown
in Fig. 8. Thus, 1000 delayed rectifying KC channels
make the hybrid model closer to the deterministic
model and this particular number of rectifying KC
channels in a single cell matches the estimation from
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the wet-lab experiment[30] . When the total number of
KC channels reduces to 100, the insulin secretion
level will be lower. In a healthy cell, this randomness
(captured by the hybrid model) does not have a strong
effect though. However, when the cell starts to lose its
function, this randomness may be significant. In the rest
of this paper, unless stated otherwise, the simulations
are based on 1000 delayed rectifying KC channels.
4.2

Multiple cells

As discussed in Ref. [24], there are about one thousand
ˇ-cells in each pancreatic islet, whose interaction can
be simulated with the hybrid model. A reasonable
assumption is that the only interaction between the
cells is through direct electrical connections between
neighboring ˇ-cells in the pancreatic islet. This can be
modeled by a single change[33] in Eq. (12a) for the
time derivative of the plasma membrane potential Vj in
cell j :
dVj
D
dt

Fig. 9 Synchronization behavior for multiple cells when
Ntot = 1000 — Membrane potential.

.IK C ICa C IK(Ca) C IK.ATP/ C Ij /=C;
X
Ij D gc
.Vj Vi /
(17)
i 2N.j /

where N.j / is the set of indices of the neighbor cells of
cell j , Ij is the whole-cell coupling current for cell j ,
gc is the electrical coupling conductance between cell j
and each of its neighbors i. Since the islet has a surface,
the number of neighbors surrounding cell j depends
upon the position of cell j within a 3-D hexagonal
lattice[17, 23] . The internal, face, edge, and corner cells
have six, five, four, and three neighbors, respectively.
Figures 9 and 10 show the hybrid model results for
one hundred cells with 1000 pores (delayed rectifying
KC channels) per cell. There are eight curves in the
membrane potential plot, representing the membrane
potential as a function of time for eight of the
100 cells. The CPU time for the simulation of 100
cells is three hours on an Intel 2.4 MHz dual core
machine, or more than thirty hours for 1000 cells. In
these figures, the coupling effect is turned on at
100 000 ms. The coupling effect gc in Eq. (17) is set
to 0 before 100 000 ms, and 150 afterwards. The cells
become synchronized almost immediately — before
100 000 ms, the curves in the membrane potential plots
are out of phase, but soon after 100 000 ms, these curves
coalesce as shown in Fig. 10. As expected, the total
insulin increases with the number of cells.

Fig. 10 Synchronization behavior for multiple cells when
Ntot = 1000 — Zoomed in figure for membrane potential.

4.3

Unhealthy cells

Insulin secretion failure, usually due to unhealthy ˇcells, is the main cause of Type II diabetes. The
parameter , the ratio of the total functional
mitochondrial volume to the cytoplasm volume, in
Eqs. (12b) and (12d) differentiates between healthy
and unhealthy cells[17, 23] . With  D 0:0733, the value
in the standard model, the cell membrane potential
and insulin secretion both show periodic bursts of
rapid oscillation. However, in reality  varies between
cells. Particularly for cells with some weakened
mitochondria due to aging,  will effectively be smaller
than the default value. A study on the single cell
case[17, 23] found that when the volume fraction of
the mitochondria is either lower than 0.06 or higher
than 0.095, the insulin bursts are totally absent,
suggesting a way to define“healthy cell” and “unhealthy
cell”. Following Refs. [17, 23], define a healthy cell as
having a volume fraction  of the mitochondria between
0.06 and 0.095, and an unhealthy cell as having  out
of this range. In reality it is more likely that some
mitochondria lose their function resulting in a smaller
effective .
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The following numerical experiments take  D 0:05
for unhealthy cells and  D 0:0733 (the standard
value) for healthy cells. To study how unhealthy cells
affect healthy cells, we consider a simplified case with
eight cells placed in the 3-D hexagonal lattice. A
deterministic model study[17, 23] has shown that the
behavior of eight cells is similar to the behavior of
thousands of cells. With 1000 pores per cell, Fig. 11
shows the total insulin of eight healthy cells and Fig. 12
shows the total insulin of eight cells with three being
unhealthy. Comparing these two figures, the insulin is
no longer showing periodic bursts in Fig. 12. Instead,
bursts are sparse and are not as high as those in Fig. 11.
4.4

Fig. 13 Successful insulin secretion of three unhealthy cells
coupled with five healthy cells.

Randomness of hybrid simulations

Simulation results for the hybrid model, besides the
expected stochastic fluctuations (Figs. 5 and 6), can
also be qualitatively different for runs with different
pseudo random number generation seeds in the SSA
component. Figure 13 shows another simulation run
with eight cells of which three (in the same positions
as before) are unhealthy, but these results look

almost the same as those for eight healthy cells (see
Fig. 11). With the same initial conditions, bad cell
placement, and pseudo random number generation
seed, the hybrid (and of course the deterministic) model
always produces the same (for that model) result. For
different pseudo random number generation seeds,
though, the hybrid model may lead to qualitatively
different results. Depending on the stochastic opening
and closing of the delayed rectifying K C channels,
sometimes the insulin secretions are normal, sometimes
the bursts of insulin are sparse, and sometimes there are
even no bursts.
4.5

Fig. 11

Total insulin secretion of eight healthy cells.

Fig. 12 Failed insulin secretion of three unhealthy cells
coupled with five healthy cells.

Criteria for successful insulin secretion

Unsuccessful insulin secretion means the level of
total insulin is too low to maintain proper pancreatic
function. To quantify the success or failure of insulin
secretion, define the “bursting fraction” as the fraction
of the total time taken up by the total insulin with a
value higher than 4.5 (eight-cell hybrid model). The
value 4.5 is chosen because most bursts happen when
the total insulin secretion reaches higher than 4.5
(see Figs. 11 – 13). Biological experiments have shown
that insulin secretion bursts are the key indicator of
a healthy pancreatic islet[33–35] . The original single
cell deterministic model has a bursting fraction of
approximately 0.55 for a healthy cell. Here insulin
secretion is deemed “successful” if the bursting fraction
is higher than 0.5, otherwise, “unsuccessful” or
“failed”. Actually, the simulations show that once the
bursting fraction is less than 0.5, it is often much smaller
(less than 0.15), the spikes within each burst become
much less frequent, and bursts are much more irregular
and sparse.
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To estimate the probability of successful insulin
secretion, one thousand simulations to time 1:2
106 ms were run, and then the relative frequency
of successful insulin secretion (as defined earlier)
computed. Table 1 shows the numbers of successful
insulin secretion runs with different numbers of
unhealthy cells (among eight total cells). The
probability of successful insulin secretion as a function
of the number of unhealthy cells decreases sharply
(Fig. 14). When there are at least 25% unhealthy
cells, the probability of successful insulin secretion is
low (6 0:37), i.e., the pancreatic function is severely
affected. This probability matches well with that found
for the deterministic model[17, 23] .
Furthermore, to assess the impact of the number
of delayed rectifying KC channels on the probability
of successful insulin secretion, Table 2 lists the
Table 1
Number of successful runs out of 1000 with
different numbers of unhealthy cells when Ntot = 1000.
Number of bad cells
0
1
2
3
4

Number of successful runs
1000
733
371
229
97

Fig. 14
Probability of successful insulin secretion as a
function of the number of unhealthy cells.
Table 2
Number of successful runs out of 1000 with
different numbers of unhealthy cells when Ntot = 100.
Number of bad cells
0
1
2
3
4

Number of successful runs
1000
357
154
96
47

449

probabilities when the total number of pores for
each cell is 100. The probabilities for cells with
100 pores are much lower than those for cells with
1000 pores: with only 12.5% unhealthy cells, the
probability of successful insulin secretion is already
low. This is significantly different from the predictions
of the deterministic model and the hybrid model for
1000 pores per cell. Therefore, the number of delayed
rectifying KC channels has a significant influence on
the probability of successful insulin secretion.
4.6

Reinstatement of insulin secretion

The above simulation results indicate that the
probability of successful insulin secretion decreases
approximately quadratically with the number
of unhealthy cells. Following the discussion in
Refs. [17, 23], an unhealthy cell has a smaller
mitochondria/cytosol volume ratio than that of a
healthy cell, hence unhealthy cells typically have lower
ATP (from oxidative phosphorylation) levels. ATP has
a negative feedback to phosphofructokinase (PFK) in
glycolysis, so a lower ATP level implies a faster PFK
reaction, which directly consumes G6P faster, leading
to lower G6P levels in unhealthy cells than in healthy
cells. Furthermore, because of the low production rate
of ATP in unhealthy cells, the ratio of ATP to ADP is
lower in unhealthy cells. ATP-sensitive KC channels
in the plasma membrane are activated by ADP and
inactivated by ATP, so the ratio of these nucleotides
determines the fraction of open ATP-sensitive KC
channels. When the ATP/ADP ratio is low there is
an increase in the number of open ATP-sensitive
KC channels, which makes membrane depolarization
more difficult (voltage-dependent Ca2C channels are
blocked). Since insulin is secreted when Ca2C exceeds
a certain level, the increase in the number of blocked
Ca2C channels will reduce insulin secretion. The
implication is that raising the levels of G6P in
unhealthy cells back to normal could restore normal
insulin secretion. Even though there are unhealthy cells
that make the whole pancreatic islet nonfunctional, if
the insulin secretion becomes normal, pancreatic islets
will function normally. This has implications for the
possible clinical treatment of Type II diabetes.
The deterministic model[17, 23] provided insight into
how changing the glycolysis rate could affect insulin
secretion. Consider now how changing the glycolysis
rate can effect the probability of successful insulin
secretion in the hybrid model. The variable JGK in
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Eq. (10a) represents the glucokinase rate in the hybrid
model. The default value of JGK is 0.2, so double
it to 0.4 for all unhealthy cells to mimic stimulating
glycolysis. Figure 15 shows the total insulin produced
by three stimulated unhealthy cells and five healthy cells
in one simulation run, which indicates that successful
insulin secretion has been reinstated. Table 3 shows the
numbers of successful insulin secretion reinstatement
runs (out of 1000 runs) versus the numbers of unhealthy
cells with stimulated glycolysis. Stimulating glycolysis
in unhealthy cells greatly increases the probability
of successful insulin secretion. This result reinforces
the conclusion of Refs. [17, 23] that stimulating
glucokinase is capable of making unhealthy pancreatic
islets function normally (assuming the models are
correct).

5

Conclusions

Similar to the deterministic models, the hybrid
model for a single cell can well reproduce the key
feature (oscillation) of the insulin secretion pathway,
and the hybrid model for multiple cells shows the
synchronization of the cells in pancreatic islets. The
hybrid model also clearly shows the effect of the

stochastic delayed rectifying KC channels on successful
insulin secretion. Since the hybrid model is stochastic,
it is necessary to do ensembles of runs for meaningful
results. By measuring the probability of successful
insulin secretion reinstatement, the hybrid model also
demonstrates the effectiveness of increasing the glucose
absorption of the glycolysis pathway (glycolysis rate) in
unhealthy cells, which makes glucokinase potentially
an outstanding drug target for developing antidiabetic
medicines. Comparing the same rows in Tables 1
and 3, when there is 50% unhealthy cells, the
probability of successful insulin secretion is increased
five fold when the glycolysis rate is stimulated. Even
though half the ˇ-cells are unhealthy, stimulating
glycolysis still has a more than 50% chance of
restoring pancreatic function. The stochastic nature of
the pancreatic system, revealed clearly by the hybrid
model, has implications for measuring the effectiveness
of medical treatments. Future work involves improving
the mathematical models, and scaling beyond multiple
cells to multiple islets, thus modelling the entire system.
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